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Introduction
Commodity futures have become widespread investment vehicles among traditional and alternative asset managers. They are now commonly used for strategic and tactical asset allocations. The strategic appeal of commodity indices comes from their equity-like return, their inflation-hedging properties and their role for risk diversification (Greer, 1978; Bodie and Rosansky, 1980; Jensen et al., 2000; Erb and Harvey, 2006; Gorton and Rouwenhorst, 2006; Chong and Miffre, 2010) . Recent research has also established that commodity futures can be used to generate abnormal returns. For example, Erb and Harvey (2006) exploit the term-structure signals of 12 commodities and implement a simple long-short strategy that buys the 6 most backwardated commodities and shorts the 6 most contangoed commodities. In a similar vein, Erb and Harvey (2006) and Miffre and Rallis (2007) follow momentum signals and tactically allocate wealth towards the best performing commodities and away from the worst performing ones. These simple active strategies have been shown to be capable of generating attractive returns. 1 This paper digs deeper into the tactical opportunities of commodity futures by introducing an active double-sort strategy that combines momentum and term structure signals. This novel strategy aims at consistently buying the backwardated winners whose prices are expected to appreciate, and shorting the contangoed losers whose prices are expected to depreciate. While doing this, we expand on the term structure-only (hereafter, TS-only) strategy of Erb and Harvey (2006) by assessing the sensitivity of the TS profits to the roll-return definition, the frequency of rebalancing of the long-short portfolios and the date of portfolio formation. We also provide an in-depth analysis of the risk, performance and trading costs of the single-sort (momentum-only and TS-only) and double-sort portfolios.
Three contributions to the empirical literature on commodity futures markets are worth noting. First, we show that combining the momentum and term structure signals enhances the abnormal performance of either of the individual single-sort strategies. On a yearly basis, while the profitable momentum-only and TS-only strategies earn on average an abnormal return of 10.14% and 12.66%, respectively, the combined double-sort strategies, with an average annualized alpha of 21.02%, clearly provide the best signal on which to allocate wealth. A robustness analysis suggests that the superior profits of the double-sort strategies are not an artifact of lack of liquidity or data mining, and are robust to alternative specifications of the risk-return relationship. They are also robust to the high level of volatility experienced since January 2007. Second, the new commoditybased relative-strength portfolios emerge as excellent candidates for inclusion in welldiversified portfolios given the very low correlations between their returns and those of traditional asset classes. Hence, commodity futures may be tactically added to the asset mix of institutional investors not exclusively to earn abnormal returns but also to diversify the total risk of their global equity and/or fixed-income portfolios. Third, the proposed double-sort strategies are implemented on a small cross section of contracts that are cheap to trade, liquid and easy to sell short. Net of reasonable transaction costs, they still generate a yearly net alpha of 20.41% on average.
The article proceeds as follows. Section 2 presents the dataset. Sections 3 and 4 analyze the profits of the individual momentum strategies and term structure strategies, while Section 5 studies the performance of strategies that jointly exploit momentum and term structure signals. Section 6 provides robustness checks and Section 7 concludes.
Data
The dataset from Datastream International and Bloomberg spans the period January, 1 1979 to January, 31 2007. It consists of the daily closing prices on the nearby, secondnearby and distant contracts of 37 commodities: 13 agricultural futures (cocoa, coffee, corn, cotton, oats, orange juice, soybean meal, soybean oil, soybeans, sugar, wheat Kansas City, wheat CBOT, white wheat), 4 livestock futures (feeder cattle, frozen pork bellies, lean hogs, live cattle), 10 metal futures (aluminum, copper, gold, lead, nickel, palladium, platinum, silver, tin, zinc) , 6 energy futures (Brent crude oil, crude oil, gas oil, heating oil, natural gas, unleaded gasoline), the futures on milk and lumber and two non overlapping diammonium phosphate contracts. To avoid survivorship bias, we include contracts that started trading after January 1979 or were delisted before January 2007.
The total sample size ranges from a low of 22 contracts at the beginning of the sample period to a peak of 35 contracts from July 1997 onwards.
This study investigates the sensitivity of the TS profits to the date at which futures returns are measured. Two approaches are used to compile time series of futures returns.
First, we assume that we hold the nearby contract up to the month prior to maturity. At the end of that month (EOM hereafter), we roll our position over to the second nearest-tomaturity contract and hold that contract up to one month prior to maturity. The procedure is then rolled forward to the next set of nearest and second-nearest contracts when a new sequence of futures prices is compiled. Second, we repeat this approach but, this time, the roll date is set to the 15 th of the maturity month (15M hereafter) if the contract is traded on that day or to the 15 th of the month prior to maturity otherwise. In both cases, futures returns are computed as the percentage change of the closing prices. Note that the rolling procedure used ensures that problems related to lack of liquidity are kept to a minimum since the nearest or second-nearest contracts are always used in the returns calculation.
Investors earn a total return on a fully-collateralized position in futures markets equal to the sum of the collateral return (e.g. Treasury-bill rate earned on the notional amount of the futures contract) and the futures return (i.e. percentage change in the futures price). 2 We assume therefore that investors hold unlevered positions in futures markets. Our long and short active strategies examined in isolation are fully collateralized. By construction, our combined long-short active strategies are therefore 50% collateralized. 3 The leverage is kept constant over time and the strategies are marked to market daily. Our combined long-short strategies could become fully collateralized if half of the trading capital was invested in the strategies and the rest held as collateral. The advantages of assuming fullycollateralized positions are twofold. First, the collateral can be used to pay for any margin calls and thus there should not be any liquidation of the futures positions before the end of the holding period because of a margin call. As liquid assets are available if and when needed, the unlevered positions have the merit of bearing little to no liquidity risk.
Second, the single and double-sort strategies will generate a total return that includes not only the futures returns reported below (in Sections 3 to 6), but also the return earned on the collateral in excess of any margin call. This article only reports the excess return of the active strategies and thus under-estimates the total performance of the active portfolios by an amount equal to the collateral return (minus any margin call).
Single-Sort Strategies Based on Momentum

Methodology
A growing literature establishes that momentum strategies generate significant abnormal returns in equity markets Titman, 1993, 2001; Chan et al., 1996) . 4 In a recent paper, Miffre and Rallis (2007) extend this finding to futures markets. This paper 3 In line with Gorton and Rouwenhorst (2006) , and Gorton, Hayashi and Rouwenhorst (2008) , the returns of the combined long-short strategies have been computed by subtracting the returns of the shorts from the returns of the longs. In futures markets this implies a gross exposure that is double that of our trading capital. 4 The profitability of momentum strategies has been shown to be related to different factors such as behavioral biases, industry effect, trading volume, the business cycle, liquidity risk, trading costs, the cross-sectional variation in unconditional expected returns, and time-varying unsystematic risk (Barberis et al., 1998; Conrad and Kaul, 1998; Daniel et al., 1998; Hong and Stein, 1999; Moskowitz and Grinblatt, 1999; Lee and Swaminathan, 2000; Chordia and Shivakumar, 2002; Korajczyk and Sadka, 2004; Lesmond et al.,. 2004; Sadka, 2006; Li et al., 2008). follows the same approach and, accordingly, at the end of each month futures contracts are sorted into quintiles based on their average return over the previous R months (ranking period). The futures contracts in each quintile are equally weighted. The performance of both the top (winner) and bottom (loser) quintiles is monitored over the subsequent H months (holding period). The resulting R-H momentum strategy buys the winner portfolio, shorts the loser portfolio and holds the long-short position for H months.
Following Moskowitz and Grinblatt (1999) , Jegadeesh and Titman (2001) and Miffre and Rallis (2007) inter alia, the relative-strength portfolios are overlapping. For instance, with the 6-3 momentum strategy, the winner portfolio in, say, December is constructed by equally-weighting the top 3 quintile portfolios that were formed at the end of September (using March to August returns), October (using April-September returns) and November (using May-October returns). Hence, its December return is equal to the average return of those 3 overlapping portfolios. Likewise for the loser portfolio but with reference to the bottom 3 quintile portfolios. The return of the momentum strategy is then defined as the difference in the December returns of the winner and loser portfolios. Therefore an R-H momentum strategy implies forming portfolios at two distinct levels: at the end of each month individual commodity futures contracts are sorted into a winner (top quintile) portfolio and a loser (bottom quintile) portfolio based on the returns over the previous R months; then, effectively, at any point in time (month t) an equally-weighted portfolio is held (shorted) that combines the H overlapping winner (loser) portfolios formed at the end of months t-1, t-2,…, t-H. This procedure is rolled forward monthly.
To conserve space, the analysis is focused on the 13 permutations of ranking and holding periods that proved to be profitable on a risk-adjusted basis at the 5% level or better in Miffre and Rallis (2007) . As a result, we consider 4 strategies with 1-month ranking period (1-1, 1-3, 1-6, 1-12), 4 strategies with 3-month ranking period (3-1, 3-3, 3-6, 3-12), 3 strategies with 6-month ranking period (6-1, 6-3, 6-6) and 2 strategies with 12month ranking period (12-1, 12-3). In our notation, say, 1-6 refers to a momentum strategy based on past 1-month returns (ranking period) and held for 6 months. 5
The following multifactor model is then used to gauge the risk-adjusted returns:
where Miffre and Rallis (2007) , namely, that trend-following is a reliable source of returns in commodity futures markets.
Performance evaluation and risk management
[Insert Tables 1 and 2 around here] Table 1, Panel C suggests that the return spread between winners and losers is positive and significant at better than the 5% level for 11 strategies. Accordingly, active 5 The unreported momentum strategies 6-12, 12-6 and 12-12 did not deliver significantly positive returns for the current sample (-1% to 2% a year) either. 6 One could adopt any of the alternative multifactor models in the literature with, for instance, additional systematic risk factors such as co-skewness and co-kurtosis or nonlinear specifications (see Fuertes et al., 2009) . However, what is crucial when it comes to contrasting the performance of singlesort and double-sort strategies is that the same risk-adjustment be employed throughout. 7 The Ljung-Box test unambiguously suggests that the monthly returns summarized in Table 1 are not autocorrelated despite arising from an overlapping-portfolio strategy. This is because (as explained in Section 3.1) the December return of, say, a 6-3 strategy is obtained as the average of the 3 winner portfolio managers who consistently tilt their asset allocation towards the best performing commodity futures and away from the worst performing ones could earn an average return of 10.53% a year. Over the same period a long-only passive portfolio that equallyweights the 37 commodities only earns 3.40% a year, while the S&P GSCI earns 3.62%.
As expected, the winner portfolios in Table 1 returns distribution of the average momentum portfolio is also more leptokurtic (at 6.0011) than that of the benchmark (4.6578). It follows that the additional reward earned on these momentum strategies relative to the passive benchmark may be a trivial compensation for the incremental risks that active investors bear.
To account for risk, we first standardize the returns with respect to both the total and downside risk and, accordingly, examine the reward-to-risk ratios and Sortino ratios of the portfolios. The results in Panel C of Table 1 suggest that the momentum returns more than compensate for the total risk of the trend-following strategy: the reward-to-risk ratios of the active long-short portfolios (0.5162 on average) systematically exceed that of the consistently below that of the 13 active strategies at 0.8302 on average.
We also adjust for risk with the multifactor model (1). 9 The results in Table 2 suggest that, in line with Miffre and Rallis (2007) , the returns of virtually all long/short portfolios follow the ups and downs of the S&P GSCI (with a confidence level of at least 95%)
whereas they appear essentially neutral to the risks present in the bond and equity markets. For 10 out of 13 strategies, the abnormal returns are positive and strongly significant at the 5% or 1% level, with an average  at 10.14% a year. 10 Thus the momentum returns are not merely a compensation for exposure to these risks. It turns out that the momentum profitability is essentially dictated by the abnormal performance of the winner portfolios -the  of the winners is significantly positive whereas that of the losers is negative but typically insignificant. The average outperformance of the long winner portfolios (6.02%) compares favorably to that of the short losers (-3.14%). This result is of interest since it challenges the somewhat common belief in the momentum literature that trend-following profits are mainly driven by short positions in losers (see, for example, Moskowitz and Grinblatt, 1999, Hong et al., 2000) .
Transaction costs
A potential flaw of the evidence presented thus far is that the active profits could be eroded by transaction costs or merely arise as a compensation for market frictions and thin trading (see Lesmond et al., 2004) . However, in the present context, there are natural 9 The residuals of each equation were subjected to the Breusch-Godfrey LM autocorrelation test and Engle LM heteroskedasticity test (both for a maximum lag order of 12). There is no evidence of autocorrelation but some marginal instances of heteroskedasticity. Hence, the significance t-ratios are based on either the usual OLS standard errors or heteroskedasticity-robust (White) ones, as appropriate. 10 The sensitivities of the long-short portfolios to the S&P-GSCI are positive and mainly significant.
The S&P-GSCI earned a positive mean return of 3.62% over the period . As a result, the alphas of the momentum portfolios, once annualized by multiplying them by 12, are, with the exception of the 1-1 strategy, less than the annualized arithmetic means reported in Table 1. arguments against these explanations. For example, commodity futures markets have been shown to be subject to rather small trading costs ranging from 0.0004% to 0.033% (Locke and Venkatesh, 1997) which is well below the conservative 0.5% estimate of Jegadeesh and Titman (1993) or the more plausible 2.3% estimate of Lesmond et al. (2004) for equity momentum portfolios. Besides, although equity markets are subject to short-selling restrictions, short positions can be taken in commodity futures as straightforwardly as long positions. A third key point is that, in the active strategy, the nearest or next nearest contracts were used which are typically the most liquid ones and thus the cheapest to trade. Last but not least, only 37 commodity futures are used in the analysis which means that our strategies are far less trading intensive than the ones typically carried out in equity markets.
These points notwithstanding, it is key to assess the impact of trading costs on the momentum profits. Three elements influence the buying and selling of a commodity contract and hence, the strategies' turnover. These are: a) the rolling of contracts as maturity approaches, b) the change in the constituents of the active portfolios at the time of portfolio construction and c) monthly rebalancing to equal weights. 11 In order to quantify actual trading costs, we calculate the turnover of our portfolios by counting the number of contracts that are bought or sold in a given month. 12
The results are reported in the last two rows of Table 1 , Panel C. A turnover statistic of 1 indicates that we buy and sell the portfolio once. On average, the active strategies have a turnover of 9.05, while the constituents of the passive portfolio change hands less often (6.34 times a year). We take as estimate of transaction costs the conservative 0.033% of Locke and Venkatesh (1997) and report estimates of the net momentum 11 The monthly rebalancing to equal weights is minimal compared to the other two transaction costs and is not considered in this study. Likewise, we limit our analysis of trading costs to the measurement of round-trip transaction costs and ignore price impact and commissions. 12 We avoid double counting, e.g. if the active strategy recommends in a given month retaining the contract in the following period and the contract does not roll on that month, trading costs are not incurred since there is no need to close the initial position and re-open a new one.
returns. Clearly transaction costs have an impact on momentum profits but not to the extent that they would wipe the positive momentum returns out. On average, the momentum strategy earns a net return of 9.62% or a net alpha of 8.76%. The best outcome net of round-trip transaction costs comes from the 1-1, 3-1 and 12-1 momentum strategies that earn net returns of 16.99%, 15.31% and 14.82% a year, respectively. We now turn our attention to the class of TS-only strategies. Keynes (1930) and Cootner (1960) put forward the idea that commodity futures prices depend on the net positions of hedgers. The general message is that producers and consumers of the underlying commodity transfer the risk of price fluctuations to speculators, who are willing to undertake this risk in the hope of a large positive return. If the supply by short hedgers exceeds the demand by long hedgers (namely, hedgers are net short), the futures price today has to be a downward-biased estimate of the futures price at maturity. This is to induce speculators to take long positions in commodity futures markets. The increase in the futures price as maturity approaches is referred to as normal backwardation. Conversely, if hedgers are net long, the futures price today has to exceed the futures price at maturity to persuade speculators to take short positions in commodity futures markets. The decrease in the futures price as maturity approaches is traditionally referred to as contango. Thus, normal backwardation and contango arise as a result of the inequality between the long and short positions of hedgers, which require the intervention of speculators to restore equilibrium (Bessembinder, 1992) . This is why it is generally accepted that futures markets provide insurance to hedgers by ensuring the transfer of price risk to speculators. The insurance that net hedgers are willing to pay equals the premium earned by speculators for this risk bearing.
Single-Sort Strategies Based on Term-Structure
Methodology
If commodity futures returns directly relate to the propensity of hedgers to be net long or net short, it becomes natural to design an active strategy that buys backwardated contracts and shorts contangoed contracts. The price gap between different-maturity contracts, called roll-return (R t ) or implied yield, can be used as a signal of whether a market is in backwardation or contango. It is defined as:
where P t,n is the time t price of the nearest-to-maturity contract, P t,d is the price of the distant contract, N t,n is the number of days between time t and the maturity of the nearby contract and N t,d is the number of days between time t and the maturity of the distant contract. A positive R t indicates that the price of the nearby contract exceeds that of the distant contract, namely, that the term structure of commodity futures prices is downward-sloping and so that the market is in backwardation. Conversely, a negative R t signals an upward-sloping price curve and a contangoed market. Thus motivated, Erb and Harvey (2006) and Gorton and Rouwenhorst (2006) introduce a new dynamic asset allocation strategy that seeks to exploit the term structure of commodity futures prices by taking long positions in backwardated contracts and short positions in contangoed ones.
The first strategy we consider, TS 1 , is similar to Erb and Harvey's (2006) and Gorton and Rouwenhorst's (2006) . It buys each month the 20% of commodities with the highest roll-returns, shorts the 20% of commodities with the lowest roll-returns and holds the long-short positions for a month. The contracts in each quintile are equally-weighted.
Several TS-only strategies are deployed in an attempt to shed light on different issues that may impact their profitability. First, we assess how the choice of the distant contract influences profits. To do this, we use as proxy of the distant contract d in our calculation of the roll-return in (2) either the second nearest contract (this is the former TS 1 strategy) or the contract with the maturity that is the furthest away (this strategy is called TS 2 ).
Hence, we are implicitly testing whether the front end of the term structure conveys a better signal on which to base tactical trading than the whole curve.
Second, we investigate the link between the term structure profits and the frequency of the long-short portfolio rebalancing in a given month. Hence, instead of always assessing the constituents of the long-short portfolio once a month and holding the positions for the following month (TS 1 ), we allow for more frequent rebalancing. In particular, four short-term strategies are considered such that the portfolio formation takes place every N=int(M/i) days, where M is the number of trading days in a given month, int(.) is the rounding down integer operator and i = 2, 4, 7 or 10 depending on the active strategy. The hypothesis implicitly tested here is whether more frequent rebalancings give better term structure signals and hence, better performance. The analysis is conducted on a transaction cost-adjusted basis; namely, after accounting for the additional costs incurred while dynamically trading the portfolios i times a month as opposed to just once (TS 1 ). The strategies are called TS 3,i for i = 2, 4, 7 or 10 rebalancings per month.
Finally, we assess the impact that the choice of the portfolio construction date has on the term structure returns. Accordingly, the roll-returns are measured and the portfolios formed either at the end of the month (EOM) or on the 15 th of the month (15M).
Performance evaluation, risk management and transaction costs
Summary performance measures for the term-structure strategies TS 1 , TS 2 , TS 3,i (i = 2, 4, 7, 10) are set out in Table 3 . The top and bottom panels focus, respectively, on EOM and 15M returns. For 7 out of the 12 strategies, the term-structure long-short portfolios yield positive returns which are economically and statistically significant with a confidence level above 95%. Across those 7 strategies one could earn an average return of 12.28% a
year by consistently buying the most backwardated contracts and selling the most contangoed ones. Over the same sample period a long-only equally-weighted portfolio of the 37 commodities earns 3.40% (EOM) or 5.07% (15M) a year. Table 3 also reports the net performance of the strategies where the calculations for the transaction costs are based on the same methodology as the one employed in Table 1 . As with momentum in Table 1 , transaction costs do not wipe out the term structure profits but decrease them by a marginal 0.91% return a year on average. As expected, the damaging impact of transaction costs is most felt for the strategies that trade more often.
[Insert Table 3 around here]
Uniformly across the 7 profitable term structure strategies, the most-backwardated portfolios always yield positive average returns which are significant both economically and statistically ranging from a high of 12.26% (TS 1 , 15M) to a low of 8.08% (TS 3,i=7 , EOM). Conversely, the average return from the most-contangoed portfolios is always insignificant, ranging from a low of -5.60% (TS 1 , EOM) to a high of 0.13% (TS 3,i=10 , EOM) per annum. Hence, the profits of the term structure signals are mainly driven by long positions in backwardated contracts.
A closer look at the term structure strategies provides interesting insights. First, the most profitable strategy is TS 1 with significant average profits of 14.10% a year, both with the EOM and 15M portfolios. The fact that TS 1 performs relatively (and in absolute terms) better than TS 2 suggests that the front-end of the term structure conveys a better signal for tactical trading than the whole curve. A comparison across TS 3,i with i=2, 4, 7
and 10 indicates that the more frequent the rebalancing, the lower the returns. This result is reinforced by the fact that larger transaction costs are incurred with more regular rebalancing which exacerbates the difference in net returns between TS 1 and TS 3,i .
Second, analyzing the performance of the 15M approach can be seen as a robustness check on EOM because there is no fundamental reason to believe that the term structure profits should differ between EOM and 15M, namely, the portfolio formation date should not matter a priori. This is confirmed by statistical tests (detailed in Appendix A3) suggesting that, for 4 out of the 6 term structure strategies considered, the EOM and 15M returns are indistinguishable. Only in 2 cases, TS 3,i=7
and TS 3,i=10 , do the EOM returns differ from the 15M returns but this could be a spurious result, that is, due to sampling variability. Moreover, the performance measures presented in Table 3 and Table 4 clearly suggest that investors should favor TS 1 (over TS 3,i=7 and TS 3,i=10 ), a strategy for which the EOM and 15M approaches are undoubtedly equivalent. Overall these findings lead us to conclude that the date of portfolio formation is, effectively, immaterial for term structure investors. 13 Third, and as in Table 1 , the active strategies on average bear substantially more risk than the passive benchmark. For example, the annualized volatility, downside volatility and 99% Cornish-Fisher VaR of the benchmark are roughly half of those of the active strategies. The returns distribution of the most profitable strategy, TS 1 , is also substantially more leptokurtic than that of the EOM or 15M benchmark. Moreover, the 7 profitable active strategies present lower maximum drawdowns, higher maximum runups, lower minimum and higher maximum 12-month rolling returns than the benchmark.
The reward-to-risk and Sortino ratios of all 7 profitable active strategies exceed those of the passive EOM or 15M benchmark. 14 Hence, the high average returns of the term structure strategies appear to more than compensate investors for the increase in volatility and downside risk that they bear relative to the passive benchmark.
The multifactor model estimates are reported in Table 4 . For virtually all of the 7 profitable term structure strategies identified in Table 3 , the returns of the long-short portfolios follow the ups and downs of the S&P GSCI but are unrelated to the S&P500 13 Nevertheless, a closer look at the performance measures for the TS 3,i=7 and TS 3,i=10 strategies might suggest that any possible outperformance of the EOM approach is driven by the negative returns of the EOM short contangoed portfolios. One possible explanation for this relates to the timing of the hedges placed by long hedgers and to the impact that these hedges may have on the price depreciation that contango implies. Possibly at EOM many more hedgers hold long positions than at 15M, while at 15M they have closed their positions. As a result the price decline implied by contango has to be stronger at EOM to entice more speculators to take short positions. Unfortunately, because the CFTC data on net hedging are not available at the relevant frequency over the time period and for the cross-section covered in our study, we cannot test this hypothesis directly. and the Lehman Brothers indices. Clearly, the 7 profitable term structure strategies generate positive and significant alphas that average out at 12.66% a year. It turns out that TS 1 and TS 3,i=2 with annualized alphas above 14%, are the most profitable strategies on a risk-adjusted basis. In line with the evidence of Table 3 , the alphas of the long-short portfolios tend to be driven by the outperformance of the long portfolios rather than by the underperformance of the short portfolios. For the 7 profitable TS strategies, the backwardated portfolios yield a significant (positive) alpha at better than the 5% level whereas only in 2 instances the contangoed portfolios yield a significant (negative) alpha.
[Insert Table 4 around here]
The evidence hitherto presented sums up as follows. First, individual momentum and term-structure signals exploited separately are capable of conveying information to the market that is of value to active traders. On average, the trend-following strategies and the term-structure strategies that are profitable at the 5% level earn, respectively, an annualized alpha of 10.14% and 12.66%. Second, with net returns above 13.5% a year, three momentum strategies (1-1, 3-1 and 12-1) and one term structure strategy (TS 1 ) stand out as conveying the best signals for tactical allocation. We propose next a double-sort approach that jointly exploits the two signals.
Double-Sort Strategies Combining Momentum and Term Structure
The commodity-based strategies discussed thus far were based on either momentum or term structure signals individually exploited. Since there remains the possibility that jointly using both types of signals is more fruitful, this section designs a double-sort strategy (Section 5.1), analyzes its performance (Section 5.2) and investigates the ability of the combined portfolio to serve as a tool for risk diversification (Section 5.3).
Methodology
Term structure trading strategies in commodity futures select, by definition, the most backwardated and contangoed contracts. Even though momentum strategies are not designed per se to overtly shortlist the commodities with the steepest term structures, it has been shown that, their long portfolios tend to contain backwardated contracts, while their short portfolios are heavily tilted towards contangoed commodities (see Miffre and Rallis, 2007) . Hence, at first sight, one would be tempted to conclude that the momentum and term structure signals are rather similar. To shed further light on this issue, we calculate the Pearson correlation measure (and significance t-statistics) between the momentum and term structure returns. Table 5 sets out the results. The correlations are positive, as expected, but low enough to suggest that the two signals are not fully overlapping. The correlation can be as weak as 10.92% between the TS 1 (15M) and momentum (R=1, H=1) returns or as strong as 56.96% between the TS 2 (EOM) and momentum (R=3, H=12) returns. The mean correlation is 31.26%.
[Insert Table 5 around here]
These low correlations motivate the design of a third class of active strategies in commodity futures that combine both signals through a double-sort approach as follows.
First, we compute the roll-returns at the end of each month and their 1/3 breakpoints to split the cross section of futures contracts into 3 portfolios, labeled Low, Med and High.
We then sort the commodities in the High portfolio into 2 sub-portfolios (High-Winner and High-Loser) based on the mean return of the commodities over the past R months. In effect, the High-Winner and High-Loser portfolios contain 50% of the cross-section that was selected with the first term-structure sort or 50%33.3% of the initial cross-section that was available at the end of a given month. Intuitively, High-Winner is thus made of the commodities that have both the highest roll-returns at the time of portfolio construction and the best past performance. Similarly, we sort the commodities in the The choices of one-month holding period (H=1) and monthly rebalancing were dictated by the fact that, as illustrated in Tables 1-4, the momentum strategies with H=1 and the TS 1 strategy stand out as the most profitable. 15 Following the evidence of Tables 1 and 2, the ranking periods (R) are set to 1, 3 and 12 months. The resulting strategies are called TS 1 -Mom 1-1 , TS 1 -Mom 3-1 and TS 1 -Mom 12-1 . This choice of momentum and term structure signals is also naturally supported by the fact that their correlation turned out to be relatively low in Table 5 . Alternatively, the two signals can be combined in reverse order, sorting first on momentum (1/3 breakpoints) and subsequently on roll-returns (1/2 breakpoint). The resulting strategies are called Mom 1-1 -TS 1 , Mom 3-1 -TS 1 and Mom 12-1 -TS 1 . [Insert Table 6 around here]
Performance evaluation, risk management and transaction costs
Out of the 6 combined strategies, the most profitable one is TS 1 -Mom 1-1 with an average return of 23.55% a year, while TS 1 -Mom 12-1 lies at the other end of the spectrum returning 18.81%. Worth noting is that the percentage of months with positive returns for the active double-sort strategies averages 60.1% (against 55.4% for the long-only passive portfolio), and that the double-sort strategies can capture up to 145.81% return on a runup period of 4 months (TS 1 -Mom 1-1 ) against 31.16% return on a run-up period of 9 months for the passive benchmark. Moreover, the maximum 12-month rolling return for the active double-sort strategies (at 143.27% on average) and the maximum monthly return (at 37.89% on average) are much higher than those of the benchmark (35.07% and 9.44%, respectively). The skewness of the combined portfolios tends to be positive (at 0.2151 on average) and significant at the 5% level, so it compares favorably to that of the benchmark (negative at -0.5087 and significant at the 5% level) and to those, often negative, reported in Tables 1 and 3 for the single-sort strategies.
Relative to the individual baseline strategies (c.f. Tables 1 and 3) , the superior performance of the double-sort rebalancing approach appears driven by the fact that the long (short) portfolios perform better (worse) in the combined strategies than in the individual ones. Across the profitable strategies identified, the long portfolios earn an average return of 14.05% in the double-sort strategy versus 9.15% in the momentum-only strategy and 9.63% in the TS-only strategy. Similarly, with an average loss at -7.26%, the short portfolios in the double-sort strategy tend to lose more than when either one of the two signals is considered in isolation (-1.38% for momentum-only and -2.23% for TSonly). 16 Hence, combining the two signals improves the gains of the long portfolios and exacerbates the losses of the short portfolios.
The transaction costs incurred with the double-sort strategy are of similar magnitude to those for the single-sort momentum strategy. It follows that the additional returns of the combined strategy cannot be a compensation for the additional costs of implementing the trades. In effect, the yearly net returns ranging from 18.25% (TS 1 -Mom 12-1 ) to 22.88%
(TS 1 -Mom 1-1 ) are clearly significant in economic terms.
As the returns distribution plot ( Figure 2) illustrates, the risk of the best active double-sort strategy is substantially higher than that of the long-only passive portfolio. On average, the annualized standard deviation and downside risk of the 6 double-sort strategies are 27.19% and 15.82%, respectively, while those of the passive benchmark are much smaller at 10.92% and 7.60%. The 99% Cornish-Fisher Value-at-Risk is also much higher for the combined strategies (22.77% on average) than for the long-only equallyweighted benchmark at 9.46%. However, the higher risk of the double-sort strategies is more than rewarded by the market. This is born out by reward-to-risk ratios and Sortino ratios that are consistently higher for the double-sort strategies (0.7846 and 1.3537 on average) than for the passive benchmark (0.3112 and 0.4473, respectively). On this 16 The same conclusion holds if, instead of averaging across all the profitable strategies identified, we just focus on the momentum (1-1, 3-1 and 12-1) and the TS 1 strategies combined in the double-sort approach: the long portfolios earn an average return of 12.69% in the three momentum-only strategies and 8.49% in the TS 1 -only strategy whereas the short portfolios lose 3.61% in the momentum-only strategies on average and 5.6% in the TS 1 -only strategy. simple risk-adjusted basis, the most profitable strategies are TS 1 -Mom 1-1 (with a Sortino ratio of 1.5607) and Mom 12-1 -TS 1 (with a reward-risk ratio of 0.8582).
We now turn our attention to the inferences from the multifactor model ( are now statistically significant. This suggests that elements from both the long and short portfolios drive the profitability of the double-sort strategies.
Risk diversification
Investors have traditionally utilized commodity futures to manage risk. The risk diversification role of the double-sort strategies proposed in the paper is illustrated in Table 7 through the Pearson correlation coefficient (and significance t-statistics) between their returns and those of traditional asset classes.
[Insert Table 7 around here]
The average correlation between the active double-sort portfolio returns and the excess returns of the S&P500 index is -6.26%, ranging from -8.60% (Mom 12-1 -TS 1 ) to -2.85% (Mom 1-1 -TS 1 ), albeit statistically insignificant throughout. The correlations between the double-sort portfolio returns and the excess returns on the Lehman Brothers Aggregate US total bond index, the yields on 10-year T-bonds and the 3-month T-bill rate are also insignificant both economically and statistically with absolute averages, respectively, at 4.05%, 3.00% and 3.68%. These findings add to the earlier evidence (c.f. Table 6 ) that the returns of the double-sort strategies are largely immune to the swings in the equity and bond markets. Moreover, the active double-sort portfolio returns and those of a FX index (US$ vis-à-vis main currencies) have zero correlation at a 95% confidence level. Therefore, by tactically including commodity futures in their asset mix, institutional investors can simultaneously achieve two distinct goals: i) earning abnormal returns, and
ii) reducing the total risk of their global equity and/or fixed-income portfolios.
In contrast, the active double-sort portfolio returns and the S&P GSCI excess returns are significantly correlated. This is consistent with our earlier findings of significantly positive sensitivities of the double-sort portfolio returns to the S&P GSCI excess returns (c.f. Table 6 ). A plausible rationale for this result is the relatively high weighting of S&P GSCI towards energy derivatives (Erb and Harvey, 2006) and the long positions of the active portfolios in typically-backwardated energy markets.
Robustness Analysis
In this section, we investigate whether the superior profits of the double-sort portfolios are a compensation for liquidity risk (Section 6.1), arise from data mining (Section 6.2), withstand alternative specifications of the risk-return trade-off (Sections 6.3 and 6.4) and
are robust to an extended sample that takes into account the credit crunch (Section 6.5).
Liquidity risk
The possibility remains that the superior performance of the double-sort strategies is a compensation for a lack of liquidity in some of the portfolio constituents. This is assessed as follows. At the end of each month, the double-sort strategy TS 1 -Mom 1-1 is deployed on the 80% of commodities with the highest volume (HV) in that month. The resulting portfolio is referred to as HV-TS 1 -Mom 1-1 . Likewise, a low-volume portfolio (LV-TS 1 -Mom 1-1 ) is constructed with the 80% of the smallest volume commodities over the previous month. Two measures of volume are used: a) $VOL defined as number of contracts traded  number of units of underlying asset in one contract  price of the contract, and b) %VOL defined as the percentage change in the number of contracts traded (Wang and Yu, 2004) . To make the results more robust, we consider different cutoff points for the volume, term structure and momentum signals resulting in a total of 12 high volume and 12 low volume strategies. For instance, the first strategy reported in Table 8 , denoted Vol=0.8 / TS 1 =0.33 / Mom 1-1 =0.5, selects, first, the 80% of commodities with the highest (lowest) volume; the 33.3%50% filtering rule is then applied for the term structure and momentum signals as discussed in Section 5.
[Insert Table 8 around here]
If the success of the proposed combined strategies in Section 5 is partly an artifact of liquidity risk, then the HV portfolios in Table 8 should underperform the corresponding double-sort portfolios in Table 6 . At first sight, this is the case: the HV triple-sort portfolios based on HV=0.8 / TS 1 =0.33 / Mom 1-1 =0.5 earn 19.81% and 16.67% depending on the proxy for volume used, while the double-sort strategy based on TS 1 =0.33 / Mom 1-1 =0.5 in Table 6 earns 23.55%. However, the assertion that the profits of the double-sort strategies are in part an illusion induced by lack of liquidity may be too hasty. The returns of the LV portfolios in and LV-TS 1 -Mom 1-1 portfolios (19.81% and 17.63%; Table 8 ) are lower than the unconditional mean return of the TS 1 -Mom 1-1 double-sort portfolio (23.55%; Table 6 ).
One may be tempted to expect that the two sub-portfolios have mean returns that roughly average out to the mean return of TS 1 -Mom 1-1 (23.55%). Clearly this is not the case. One possible explanation for this puzzle relates to the diversification return of Erb and Harvey (2006) . 17 The latter comes from frequently rebalancing a portfolio of commodity futures to equal weights and equals (Erb and Harvey, 2006, p.86) , where K is the number of assets in the portfolio, 2  is the average variance of the constituents and  is their average correlation. Clearly, the diversification return rises with K and 2  and falls with  . This could explain why the double-sort portfolio, which contains a larger number of securities, can earn more than either one of the liquidity-based portfolios.
Differences in average risks and correlations between the constituents of the three portfolios could also account for the observed difference in mean returns.
Are the profits of the double-sort strategies due to data snooping?
An important problem when evaluating a large set of trading rules is data mining or snooping. The mining occurs when a set of data is used more than once for inference or model selection. To deal with this problem we implement White's (2000) Reality Check for data snooping (RC) and the test for Superior Predictive Ability (SPA) developed by Hansen (2005) . Both tests are built on the same framework: m alternative decision rules (point forecasts or trading rules) are compared to a benchmark, where performance is defined in terms of expected loss. The question of interest is whether any alternative trading rule is better than the benchmark. The complexity of this exercise arises from the need to control for the full set of alternatives. The latter leads to a composite null hypothesis and a t-statistic whose (asymptotic) distribution is non-standard and requires bootstrapping. Compared to RC, the SPA test is based on a studentized test statistic and a sample dependent distribution under the null hypothesis, both of which make it more powerful and less sensitive to the inclusion of poor and irrelevant alternatives.
The paper considers k=1,2,…,m (m=55) active trading rules: 13 momentum-only strategies (Section 3), 12 TS-only strategies (Section 4), 6 combined double-sort strategies (Section 5) and 24 volume-based strategies (Section 4.1) alongside the passive long-only benchmark rule represented by k=0. Let r k,t denote the month t returns of trading rule k. The returns are mapped into a "loss" by means of a linear function, on one hand, and two nonlinear (exponential) functions with different degrees of curvature, on the other. The former is L k,t =max(r t )-r k,t , where max(r t ) is the highest return in the full set of strategies k=0,1,…,m. The two nonlinear functions are L k,t =1/exp(r k,t ) for =1 and 2.
The qualitative ranking of the strategies according to these loss functions essentially corresponds to the ranking based on their alpha measures. Thus the sample performance of trading rule k=1,…,m relative to the benchmark is given by d k,t ≡L 0,t -L k,t over t=1,…,T Table 9 reports the results.
[Insert Table 9 around here]
With all three loss functions, the t-statistic p-values (for the null hypothesis that the 'best' trading rule does not outperform the passive benchmark) and the consistent SPA and RC statistic p-values (for the above H 0 that takes into account the full set of m=55 of trading rules) unanimously suggest rejection of the hypotheses at conventional significance levels, thus confirming that TS 1 -Mom 1-1 is a relatively successful trading rule. 18 The implementation is based on the stationary bootstrap of Politis and Romano (1994) based on B=10,000 pseudo time-series {d k,t *} for each k, which are resamples of d k,t constructed by combining blocks with random lengths. The block-length is geometrically distributed according to q[0,1) so the expected block-length is 1/q. Two typical values are used, q={0.2, 0.5}, to robustify the results.
Performance evaluation using an augmented static model
The earlier multifactor regression model is now augmented with 3 additional systematic risk factors: a) the returns of the US$ effective (vis-à-vis main currencies) exchange rate index, b) unexpected inflation (UI), and c) unexpected change in US industrial production (UIP). The unexpected component at month t is measured as the difference between the economic variable at t and its most recent 12-month moving average. 19 The coefficient estimates and significance t-ratios, set out in Appendix A1, are in line with our previous findings. First, for all three classes of strategies, the long-short portfolio returns are for the most part uncorrelated with the risk factors. Second, there are abnormal profits to be made from these active portfolio strategies; on average across those that appear profitable at better than the 5% level, the  is 10.22% per annum for the momentum-only signals, 10.09% for the TS-only signals and a more than two times larger 21.18% for the combined double-sort signals.
Conditional performance evaluation
Another possible criticism is that the returns from the active strategies are a compensation for time-varying risks (Chordia and Shivakumar, 2002) . To account for the latter we estimate a conditional model that allows for the measures of risk and abnormal performance in (1) to vary over time as a function of a vector of pre-specified zero-mean information variables (Christopherson et al., 1998) . 20 19 The correlations between the six risk factors range from -1.3% between UIP and S&P500 to 24% between LB and S&P500. So multicollinearity is not deemed to be an issue. 20 The information variables used (as proxies for the business cycle) include the 1-month lagged term spread and default spread. Term spread is the difference between the redemption yield on US 30-year Treasury benchmark bonds and the US 3-month T-bill rate. Default spread is measured as the yield difference between Moody's Baa and Aaa-rated corporate bonds. As in Kat and Miffre (2008) , two sets of additional mean-zero conditioning variables are considered. Accordingly, each alpha varies over time conditionally on the (lagged) return of the strategy under review. Likewise, the betas are allowed to change as a function of the previous month's realization of the systematic risk factor.
The results, reported in Appendix A2, indicate the presence of time variation in the risk and performance measures of the multifactor model (1). In particular, at the 5% level, the hypothesis of constant parameters is rejected for 12 out of 13 momentum-only strategies, for 8 out of 12 TS-only strategies and for 5 out of 6 double-sort strategies. In principle, these results suggest that restricting the measures of risk and abnormal performance to be constant as in model (1), instead of conditioning them on past information, might lead to poor conclusions on risk-adjusted performance. However, after allowing for time dependence in the regression parameters of model (1), the average alpha of the active strategies is of similar magnitude as previously reported. A total of 19 out of 31 strategies have positive and significant  at the 5% level in Appendix A2 versus 23 in Tables 2, 4 and 6. Most importantly the risk-adjusted abnormal returns of the combined double-sort strategies remain highly significant. Clearly, the superior performance uncovered is not merely a compensation for time-varying risks.
Performance over an extended dataset
In this section we test the robustness of the results to the unprecedented high levels of volatility experienced since January 2007 and to the slowdown in the real economy driven by the credit crunch. 21 Bearing this in mind, we extend the dataset until the end of November 2008 and report in Table 10 the performance of two single-sort strategies (Mom 1-1 and TS 1 ), one double-sort strategy (TS 1 -Mom 1-1 ) and the long-only equallyweighted benchmark. The performance of the single and double-sort strategies is as good over the extended sample as it was over the previous period (January 1979-January 2007) which suggests the main results presented in the paper are not sample-specific. In particular, the annualized mean returns of Mom 1-1 , TS 1 , TS 1 -Mom 1-1 , the benchmark and the S&P-GSCI equal 18.31%, 14.65%, 23.15%, 2.42% and 2.70%, respectively.
[Insert Table 10 around 
Conclusions
This article provides a thorough analysis of the risk and performance of three types of active strategies in commodity futures markets. Following the momentum signal of Jegadeesh and Titman (1993) and Miffre and Rallis (2007) , the first class of strategies simply buys commodities with the best past performance (winners) and shorts commodities with the worst past performance (losers). Following the term structure signaling approach of Erb and Harvey (2006) and Gorton and Rouwenhorst (2006) , the second type of strategies tactically allocates wealth towards backwardated commodities (with the highest roll-returns) and away from contangoed commodities (with the lowest roll-returns). Given the low return correlations between the above two types of trading rules, we propose a novel class of strategies that combines the momentum and term structure signals in order to consistently buy commodities with the best past performance (winners) and the highest roll-returns, and consistently short commodities with the worst past performance (losers) and the lowest roll-returns. According to this double-sort approach, active portfolio managers buy the commodities whose prices are expected to appreciate the most over the following month and sell the commodities whose prices are expected to depreciate the most.
Three main conclusions emerge from the analysis. First, while the individual momentum and term structure strategies perform well, the combined signals are more informative for tactically allocating wealth. On a yearly basis, the profitable momentumonly (TS-only) strategies earn an average return of 10.53% (12.28%) or an alpha of 10.14% (12.66%). With an average return of 21.32% and an alpha of 21.02%, the combined (double-sort) strategies are clearly superior. Over the same period, a passive long-only portfolio of commodity futures earned 3.40%, while the S&P GSCI index Second, the returns of these novel double-sort strategies are weakly correlated with the returns of traditional asset classes, making them attractive candidates for inclusion in well-diversified portfolios. This suggests that institutional investors may tactically add commodity futures to their asset mix not solely to earn abnormal returns but also to reduce the overall risk of their global equity and/or fixed-income portfolios.
Third, because the strategies are carried out on a small cross-section of 37 commodity futures contracts that are easy to sell short and often liquid, the dynamic double-sort investment approach proposed presents the additional appeal of being feasible and cheap to implement. Net of plausible transaction costs, the double-sort strategies still generate a yearly return of 20.71% or a yearly net alpha of 20.41% on average.
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TS1 is the term structure strategy that measures roll-returns from the front-end of the term structure. Mom1-1 refers to a momentum strategy with 1-month ranking and holding periods. TS1-Mom1-1 combines the two signals in a double-sort strategy. Benchmark refers to a long-only portfolio that equally weights all 37 commodities. Mom1-1 TS1 TS1-Mom1-1 Long-only Density TS1 is the term structure strategy that measures roll-returns from the front-end of the term structure, Mom1-1 refers to a momentum strategy with 1-month ranking and holding periods, TS1-Mom1-1 combines the two signals in a double-sort strategy. Long-only refers to a long-only portfolio that equally weights all 37 commodities. The coefficient estimates and significance t-statistics (in parenthesis) are for multifactor model (1)  measures annualized conditional abnormal performance and t-statistic is the corresponding significance test statistic. Bold denotes significant at the 5% level or better. p 1 is the p-value for the composite hypothesis of constant abnormal performance, p 2 is the pvalue for the composite hypothesis of constant measures of risk (the so-called betas), and p 3 is the p-value for the composite hypothesis of constant abnormal performance and risk. The reported average is for the conditional alphas that are significant at the 5% level or better. Panel A reports the Pearson correlations between the EOM and 15M returns of the Long-Short portfolios, and significance t-statistic. Panel B reports for the EOM-15M return spread the skewness, excess kurtosis and Jarque-Bera statistics and significance p-values. Panel C reports the paired difference t-test and Wilcoxon signed ranked test for the null hypothesis that, respectively, the mean and median spread is zero. Bold denotes significance at the 5% or 1% level.
